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A B S T R A C T
Large scale inter-basin water diversion projects would have a set of ecological and environmental impacts on
aquatic ecosystems. However, knowledge regarding water transfer induced water quality changes in determining
ﬁsh communities in the impounding ecosystems remain largely unknown. In the current study, we ﬁlled this
research gap by using a set of machine learning algorithms to ensemble modelling ﬁsh community indices with
water quality indicators in the impounded lakes along the eastern route of China’s South-to-North Water
Diversion Project (SNWDP). Overall, our results realed that water quality changes can be good predictors for the
variation of ﬁsh community structures in these lakes. Although diﬀerent model techniques highlighted diﬀerent
variable importance of water quality in determining ﬁsh communities, there is generally a consensus that the
hydrological related water quality indicators like: water clarity (e.g., total suspended solids) and nutrient loading
(e.g., phosphate) contributed the most to the changes of ﬁsh communities. Our results also indicated that water
diversions could bring knock-on eﬀects on ﬁsh communities. Thus, more attention should be paid to long-term
ecological eﬀects from future water diversions.
1. Introduction
Large scale inter-basin water diversion projects have been devel-
oped around the world to alleviate water scarcity problems, for in-
stance, the California North-to-South Water Transfer Project and the
Central Arizona Project in USA, the Quebec Water Transfer Project in
Canada, the Snowy Mountains Water Transfer Project in Australia, the
West-to-North Water Transfer Project in Pakistan, the Moscow Canal in
Russia, Bavaria Water Transfer Project in Germany, the National River
Linking Project in India, and the South-to-North Water Diversion
Project in China (Chen, 2004; Wang et al., 2008; Zhuang, 2016). Al-
though these projects can support socio-economic developments in the
receiving regions, they are also considered to trigger potential ecolo-
gical and environmental impacts and fundamental disturbances on the
related freshwater ecosystems. For example, these projects could create
invasion corridors for non-native species (Clarkson, 2004), alter river
ﬂow and substrates signiﬁcantly, change water quality, and thus
leading to shifts in ﬂoodplain habitats (Grimaldo et al., 2009).
However, ﬂoodplain habitats are central to assemblage structuring of
freshwater ﬁshes (Meador and Goldstein, 2003; Lin et al., 2017). As
such, it is widely accepted that any large-scale transfers of water are
likely to modify downstream ﬁsh diversity and assemblages, as well as
the abundance thereof (Meador, 1992; Grimaldo et al., 2009; Lin et al.,
2017). Still unknown to us is how transfer-induced water quality
changes will subsequent aﬀect the ﬁsh communities.
The Chinese Government launched one of the world’s largest water
transfer programs (i.e., the South-to-North Water Diversion Project,
SNWDP, including eastern, central and western routes) to alleviate se-
vere water scarcity in northern China where more than 300–325million
people living in a highly water-stressed region (Berkoﬀ, 2003; Ma et al.,
2006). The ﬁrst phase of the eastern route of the SNWDP started in
operation since October 2013, pumping water from the lower reach of
the Yangtze River, and connecting the Yangtze River, Huaihe River,
Yellow River and Haihe River via the Beijing-Hangzhou Grand Canal.
Water transferred from the Yangtze River will pass through and im-
pound most of the largest lakes in eastern China, including Gaoyou
https://doi.org/10.1016/j.ecolmodel.2019.01.014
Received 14 April 2018; Received in revised form 18 January 2019; Accepted 19 January 2019
⁎ Corresponding author at: State Key Laboratory of Freshwater Ecology and Biotechnology, Institute of Hydrobiology, Chinese Academy of Sciences, Wuhan, Hubei,
430072, China.
E-mail address: yushunchen@ihb.ac.cn (Y. Chen).
Ecological Modelling 397 (2019) 25–35
Available online 05 February 2019
0304-3800/ © 2019 Elsevier B.V. All rights reserved.
T
Lake, Hongze Lake, Luoma Lake, Nansi Lake and Dongping Lake
(Zhang, 2009; Zhuang, 2016).
Although it is generally agreed that the SNWDP will relieve
northern China’s water crisis, there are still major ecological and en-
vironmental concerns surrounding the construction of the eastern route
of the SNWDP, including (1) the ecological impacts of lake impound-
ment, (2) water quality degradation along the canal, (3) secondary
salinization in the receiving areas, and (4) invasion of alien species
(Shen et al., 2002; Zhang, 2009). Among which, water quality changes
associated with the impoundment should be one of the most signiﬁcant
and direct impacts in regulated lakes. Since the eastern route passed
through the most developed regions of China, where of major concern is
the water quality along the channel. Additionally, agricultural activities
cause nonpoint pollution to the riverine and lake systems (Zhang,
2009). These lakes not only serve as drinking water sources but also
represent important wetland ecosystems for plants, ﬁshes, birds and
mammals (Xie and Chen, 1999). However, little is currently known
about the response of ﬁsh communities to water quality changes arising
from the SNWDP, although the determination of environmental factors
structuring communities remains one of the major objectives in ﬁsh
ecological studies (Albert and Reis, 2011; Lujan et al., 2013; Olden
et al., 2010; Zhao et al., 2016). Moreover, comparisons of ﬁsh com-
munity structure in lakes, conducted at the regional scale, have high-
lighted predictable links between community structure and environ-
mental variations. The investigation of how environmental factors
(physico-chemical) shape the structure of natural assemblages can also
produce acceptable explanations for community-level problems under a
wide variety of conditions (Tonn and Magnuson, 1982). The physico-
chemical parameters of the water bodies are generally revealed as the
prevailing roles in structuring ﬁsh communities, especially in regional
scale or local scale studies (i.e. Zhao et al., 2016; Chea et al., 2016).
However, the most important factors in determining species composi-
tion diﬀer among water bodies, ranging from physical habitat, to water
chemistry (Amarasinghe and Welcomme, 2002; Petry et al., 2003; Zhao
et al., 2006).
Considering a regional scale, the study of ﬁsh community structure
related with environmental variations is always challenging because of
the limitation in modelling the non-linear relationships between ﬁsh
community with environmental variations (Chea et al., 2016). Over the
last several decades, eﬀectively modelling the composition of ﬁsh as-
semblages on the basis of biotic and abiotic environmental descriptors
is considered important in ecology, and many methods have been uti-
lized to develop these models (Guisan and Zimmermann, 2000). In-
creasingly numerous machine learning algorithms such as Generalized
Linear Models (GLMs, McCullagh and Nelder, 1989), Generalized Ad-
ditive Models (GAMs, Hastie and Tibshirani, 1990), Classiﬁcation and
Regression Tree (CART, Breiman, 1996), Random Forest (RF, Breiman,
2001), Artiﬁcial Neural Networks (ANN, Ripley, 1996) and Multivariate
Regression Trees (MRT, De’Ath, 2002) have been documented and
applied widely for (1) predicting distribution patterns or assemblages
from the current habitat status (e.g. Park et al., 2006; Buisson et al.,
2008; Grenouillet et al., 2011), (2) evaluating the potential spreading
capacity of invasive species (e.g. Roura-Pascual et al., 2009; Brummer
et al., 2013), and (3) assessing biological responses and occurrences to
global changes (e.g. Buisson and Grenouillet, 2009; Tisseuil et al.,
2012).
In the present study, with implication of a set of machine learning
models, we quantifying the relationships between ﬁsh communities and
water quality indicators in the impounded lakes of water transfer pro-
ject during the water transfer period. Our main objectives were 1)
understanding the ﬁsh communities related with the changes of water
quality induced by water transfer project; 2) determining the variable
importance of diﬀerent water quality indicators in aﬀect ﬁsh commu-
nities; and 3) clarifying potential impacts of the water transfer project
on ﬁsh communities. Our results would contribute to ecological as-
sessment and management of aquatic ecosystem health, especially for
the conservation of ﬁsh communities, in the context of water transfer
and diversion projects all over the world.
2. Materials and methods
2.1. Characteristics of the impounded lakes
Five most important impounded lakes along the eastern route of the
Fig. 1. Sketch map of the eastern route of China’s South-to-North Water Diversion Project (SNWDP) and the locations of the ﬁve impounded lakes.
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SNWDP were selected, including Gaoyou Lake (GYL), Hongze Lake
(HZL), Luoma Lake (LML), Nansi Lake (NSL) and Dongping Lake (DPL),
with a mean distance of 65, 146, 301, 427, 622, and 764 km to the
source of the water diversion project (i.e., the diversion starting point
near the Yangtze River, Jiangdu water control sluice gate), respectively
(Fig.1).
2.2. Gaoyou Lake (GYL)
Gaoyou Lake (32°42′-33°41′N, 119°06′-119°25′ E) covers an area of
674.7 km2 with a mean depth of 1.44m and a maximum depth of 2.4m.
The water volume is 9.72×108m3. Water from the Huai River is 95%
of the total input to Gaoyou Lake. It is called a “suspended lake” be-
cause the lake bottom is about 3.3–4.4m high, which is 1.0–2.5m
higher than the ﬂood plain to the east of the lake (Wang and Dou,
1998).
2.3. Hongze Lake (HZL)
Hongze Lake (33°06-33°40′N; 118°10′-118°52′E), is the fourth lar-
gest freshwater lake in China and the largest impound lake along the
eastern route of SNWDP with a surface area of 1960 km2, located along
the lower reach of the Huai River in Jiangsu province. Its mean water
depth is 1.77m, the water volume is 27.9×108m3. The average ele-
vation of the lake basin is 4–8m higher than the eastern plain. And the
northwest of the lake basin is higher in elevation than the southeast.
Rivers ﬂowing into Hongze Lake are distributed mainly along the
western sub-basin of the lake. Among them, the Huai River is the lar-
gest, contributing 73% of the total water input to Hongze Lake (Wang
and Dou, 1998).
2.4. Luoma Lake (LML)
Luoma Lake (34°00´–34°11´N, 118°06´–118°18´E), located in the
north of Jiangsu province, mainly has three inﬂowing rivers (i.e. Yi
River, Zhongyun River, and Fangting River) and three outﬂowing rivers
(i.e. The Grand Canal, Xinyi River, and Liutang River). The water level
variation of Luoma Lake ranges from 1.9 to 5.7m, which usually un-
dergoes obvious seasonal ﬂuctuations. It receives inﬂows of local
catchment and the water body can generally be renewed ten times in
one year (Wang and Dou, 1998).
2.5. Nansi Lake (NSL)
The Nansi Lake is located in the southwest of Shandong province,
China (34°27′N–35°20′N, 116°34′E–117°21′E). It consists of four sub-
lakes, namely Weishan Lake, Zhaoyang Lake, Dushan Lake and
Nanyang Lake from south to north. The area of the Nansi Lake is
1266 km2. The Nansi Lake is the largest lake in Shandong province and
6th largest freshwater lake in China. The length from north to south is
120 km and the width of lake east to west is 5–25 km (Wang and Dou,
1998).
2.6. Dongping Lake (DPL)
Dongping Lake (35°30′- 36°20′N, 116°00′- 116°30′E), covering an
area of 418 km2 is the second largest fresh-water lake in Shandong
Province, China, located in the lower reaches of the Yellow River.
Dongping Lake is being utilized for ﬂood control, irrigation, water
supply, aquatic breeding and tourism. Moreover, Dongping Lake is the
ﬁnal adjusting and storing lake on the east route of the SNWDP, and the
location of the lake is very important for the project (Wang and Dou,
1998).
2.7. Fish sampling procedure
Fish communities were sampled using a combination of com-
plementary approaches (i.e. multi-mesh gillnet and ground cages) from
April to May in 2017 during the water transfer period. Fish sampling
was conducted in eight to thirteen sections in each lake (for instance, 8,
13, 8, 11, 8 sampling sections were settled in GYL, HZL, LML, NSL and
DPL respectively) depending mostly on the lake area and habitat het-
erogeneity, a total of 48 sections was thus sampled. In each sampling
section, one pelagic multi-mesh gillnet, one benthic multi-mesh gillnet
and one ground trap-net were set together. The multi-mesh gillnet was
modiﬁed from Swedish standard methods which was composed of 12
panels knot to knot with mesh sizes from 5 to 55mm (i.e. 5, 6.25, 8, 10,
12.5, 15.5, 19.5, 24, 30, 35, 43 and 55mm). The size of each mutli-
mesh gillnet was 1.5 m high and 30m long, diﬀerent mesh panels were
assembled randomly, but all gillnets have the same order of mesh pa-
nels (Appelberg, 2000). The frame of the ground trap-net was made of
bamboo, and covered with a net mesh size of 5mm. Stone sinkers and
plastic ﬂoats give stability to the trap when set on the bottom of the
lake. Each trap-net is a rectangular cuboid with about 25m long. The
cuboid has been partitioned into 20 cubes with two openings of 10-cm
diameter from front and behind for ﬁsh to enter the trap.
In all the studied lakes, ﬁsh sampling was started in the afternoon
(approx. 17:00) and ﬁnished in the next morning (approx. 5:00) with a
total of around 12 h to avoid excessive accumulation of ﬁsh in the nets
(Erős et al., 2009). Individuals collected were immediately identiﬁed to
species, counted, weighed to the nearest gram. Fish species identiﬁed in
the ﬁve impounded lakes were listed in Table 1.
2.8. Response variables: ﬁsh community metrics
In the present study, some metrics of ﬁsh community structure were
calculated and considered as response variables, including ﬁsh abun-
dance (A), ﬁsh biomass (B), Shannon-Wiener diversity (H) and Pielou
evenness (J). Composition of ﬁsh communities in the impounded lakes
are listed in Table 1. To avoid bias, the relative values of ﬁsh abundance
and biomass in each site were employed in the predictive models.
Species diversity and equitability were determined for each sampling
site using a set of indicators as species richness (SR), Shannon-Wiener
diversity (H) and Pielou evenness (J) index, respectively, with the fol-
lowing formulas:
∑= −
=
H p log p2
i
s
i i
1 (1)
J = H′/lnS (2)
where pi represents the relative abundance of each ﬁsh species and S
represents total species richness. The diversity indices were all calcu-
lated using “vegan” package (Jari et al., 2018) in R (R Core Team,
2013).
2.9. Predictor variables: water quality characteristics
Water samples were collected along with the ﬁsh sampling at the
same sites, and a set of 18 physico-chemical water quality variables of
the impounded lakes were monitored and analyzed. Water temperature
(WT), conductivity (Cond.), dissolved oxygen (DO) and pH were
monitored using portable multi-parameter water quality meter (YSI
Professional Plus). Water depth (WD) and transparency (SD) were
measured by a Secchi disk. Water turbidity (Tur) was determined with a
portable turbidity meter (HACH 2100Q). At each site, 2 l water samples
were collected and transported with ice in a cooler to laboratory im-
mediately for analysis. The parameters Chlorde ion (Cl), phosphate
(PO4), total hardness (TH), total phosphorus (TP), total nitrogen (TN),
chemical oxygen demand (COD), chlorophyll a (CHI), ammonia
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nitrogen (NH4-N), nitrate nitrogen (NO3-N; NO2-N) and total suspended
solids (TSS) were analyzed according to APHA (2005). Details of the
predictor variables were listed in Table 2.
2.10. Modelling techniques employed
In our study, we used 6 machine-learning techniques which are
frequently employed to quantifying the relations between aquatic
communities and environmental variables. They including K-nearest-
neighbours (KNN), Partial Least Squares (PLS), Support Vector
Machines (SVM), Classiﬁcation And Regression Trees (CART) and
Artiﬁcial Neural Networks (ANN) and Generalized Linear Model (GLM).
2.10.1. K-nearest-neighbours (KNN)
K nearest neighbours are a rather simple method of classiﬁcation
(Fix and Hodges, 1951). The algorithm ﬁnds a group of k observations
closest to the test observation in terms of Euclidean distance. The
proportion of the votes for the positive class is then returned as a
probability. The k-nearest neighbors algorithm could be viewed as a
nonparametric method for classiﬁcation. The basic idea of KNN is to
classify the test sample into some class according to its nearest neigh-
bors.
2.10.2. Partial least squares (PLS)
this method extracts orthogonal latent factors for the covariates and
the outcome and thus indirectly models the inﬂuence of the predictors
on the outcome. Component scores are estimated to optimize the cov-
ariance between the scores and the response variable. It has less strict
model assumptions than for instance linear discriminant analysis (LDA).
2.10.3. Support vector machines (SVM)
SVM, originally developed by Cortes and Vapnik (1995), is arguably
one of the most successful machine learning algorithms developed over
the last decade. SVM is a computational algorithm that learns by ex-
ample to assign labels to objects. SVMs have several appealing char-
acteristics for modellers; for instance, they are based on statistics rather
than on loose analogies with natural learning systems, and they theo-
retically guarantee performance (Cristianini and Scholkopf, 2002).
SVMs use a functional relationship known as a kernel to map data onto
a new hyperspace in which complicated patterns can be represented
more simply (Muller et al., 2001). A full SVM analysis requires three
steps, and ideally in each of these three steps, a separate part of the data
is used: (1) model selection, (2) ﬁtting, and (3) validation.
Table 1
Fish species used for the prediction in the ﬁve impounded lakes.
Species Code GYL HZL LML NSL DPL
Coilia ectenes Jordan et Seale Cec 1 1 1 1 1
Ctenopharyngodon idella Valenciennes Cid 0 0 1 1 0
Mylopharyngodon piceus Richardson Mpi 0 0 0 0 1
Squaliobarbus curriculus Richardson Scu 1 0 0 0 0
Culter alburnus Basilewsky Cal 1 1 0 1 0
Cultrichthys erythropterus Basilewsky Cer 1 1 1 1 1
Hemiculter leucisculus Basilewsky Hle 1 1 1 1 1
Pseudolaubuca engraulisb Pen 1 1 0 0 0
Parabramis pekinensis Basilewsky Ppe 1 1 0 0 0
Toxabramis swinhonis Günther Tsw 1 1 1 1 1
Pseudobrama simoni Bleeker Psi 0 0 1 0 0
Aristichthys nobilis Richardson Ano 1 0 0 0 1
Hypophthalmichthys molitrix Valenciennes Hmo 1 0 1 1 1
Acheilognathus chankaensis Dybowski Ach 0 1 1 1 1
Acheilognathus macropterus Bleeker Ama 1 1 1 1 0
Rhodeus ocellatus Kner Roc 0 0 1 1 1
Abbottina rivularis Basilewsky Ari 1 0 1 1 1
Hemibarbus maculatus Bleeker Hma 1 1 0 0 0
Pseudorasbora parva Temminck et Schlegel Ppa 1 1 1 1 1
Sarcocheilichthys nigripinnis Günther Sni 1 1 1 1 0
Squalidus argentatus Sauvage et Dabry Sar 0 0 0 1 0
Squalidus wolterstorﬃb Swo 0 0 1 0 0
Carassius auratus auratus Linnaeus Cau 1 1 1 1 1
Cyprinus carpio Linnaeus Cca 1 1 0 1 1
Cobitis sinensis Sauvage et Dabry de
Thiersant
Csi 0 0 0 1 0
Misgurnus anguillicaudatus Cantor Man 0 0 0 1 1
Pelteobagrus fulvidraco Richardson Pfu 1 1 0 0 0
Pelteobagrus vachelli Richardson Pva 1 1 0 1 0
Pelteobagrus nitidus Sauvage et Dabry Pni 0 1 0 0 0
Leiocassis crassilabris Lcr 0 1 0 0 0
Silurus asotus Linnaeus Sas 0 0 0 0 1
Neosalanx tangkahkeii Wu Nta 0 0 0 0 1
Protosalanx chinensis Basilewsky Pch 1 1 1 0 0
Hyporhamphus intermedius Cantor Hin 1 1 1 1 1
Sinobdella sinensis Bleeker Ssi 1 1 1 0 0
Micropercops swinhonis Günther Msw 0 0 0 1 1
Tridentiger bifasciatus Tbi 0 0 1 1 1
Rhinogobius giurinus Rutter Rgi 1 1 1 1 1
Macropodus chinensis Bloch Mch 0 0 0 1 0
Channa argus Cantor Car 0 0 0 1 0
Total 23 22 20 25 20
Note: 1 represents “presence”, 0 represents “absence”. GYL, HZL, LML, NSL,
DPL represent Gaoyou Lake, Hongze Lake, Luoma Lake, Nansi Lake and
Dongping Lake, respectively.
Table 2
Physico-chemical characteristics (mean value ± sd) of water in the ﬁve impounded lakes during the sampling period.
Environmental variables (units) Abbreviation GYL HZL LML NSL DPL
Water Temperature(℃) WT 21.19 ± 0.9 21.43 ± 1.7 21.06 ± 1/02 20.74 ± 1.47 19.06 ± 0.94
Water Depth (m) WD 1.96 ± 0.12 2.95 ± 0.71 3.54 ± 0.93 3.09 ± 2.56 2.19 ± 0.76
Transparency (m) SD 0.51 ± 0.15 0.34 ± 0.12 1.08 ± 0.59 1.28 ± 0.35 1.21 ± 0.54
Conductivity (μS/cm) Cond. 373.54 ± 28.47 483.84 ± 70.29 648.50 ± 47.43 899.18 ± 193.98 1192.50 ± 77.16
Dissolved Oxygen (mg/L) DO 8.88 ± 1.16 8.71 ± 0.37 9.76 ± 0.84 12.43 ± 1.71 12.80 ± 1.67
pH pH 9.22 ± 0.40 8.69 ± 0.07 8.92 ± 0.49 9.29 ± 0.68 9.31 ± 0.29
Turbidity (NTU) TUR 25.38 ± 17.48 57.60 ± 34.16 6.87 ± 2.31 5.77 ± 3.16 7.30 ± 4.56
Chlorde (mg/L) Cl 18.30 ± 1.42 117.72 ± 16.28 177.20 ± 4.21 40.06 ± 18.83 71.81 ± 8.40
Total Hardness (mg/L) TH 143.29 ± 12.29 221.20 ± 29.06 250.31 ± 17.94 269.10 ± 23.06 343.92 ± 37.47
Total Phosphorus (mg/L) TP 0.06 ± 0.01 0.11 ± 0.06 0.03 ± 0.01 0.05 ± 0.01 0.04 ± 0.02
Phosphate (mg/L) PO4 0.01 ± 0.01 0.01 ± 0.01 0.01 ± 0.01 0.02 ± 0.01 0.00 ± 0.00
Total Nitrogen (mg/L) TN 1.66 ± .42 2.27 ± 0.44 2.24 ± 0.92 2.04 ± 1.68 1.19 ± 0.12
Ammonia Nitrogen (mg/L) NH4N 0.10 ± 0.06 0.05 ± 0.02 0.03 ± 0.01 0.15 ± 0.1 0.05 ± 0.01
Nitrate Nitrogen (mg/L) NO3N 1.27 ± 0.36 1.51 ± 0.25 1.66 ± 0.63 1.62 ± 1.73 0.76 ± 0.16
Nitrite Nitrogen (mg/L) NO2N 0.01 ± 0.01 0.02 ± 0.01 0.01 ± 0.00 0.02 ± 0.02 0.01 ± 0.00
chlorophyll a (μg/L) CHLA 19.21 ± 6.21 22.98 ± 6.51 9.47 ± 1.64 6.30 ± 4.18 10.66 ± 5.48
Total Suspended Solids (mg/L) TSS 29.01 ± 20.72 38.93 ± 11.74 10.25 ± 3.40 8.05 ± 5.53 10.23 ± 9.08
Chemical Oxygen Demand (mg/L) COD 17.54 ± 3.41 17.62 ± 9.99 8.12 ± 7.91 10.87 ± 5.33 21.28 ± 9.14
Note: GYL: Gaoyou Lake; HZL: Hongze Lake; LML: Luoma Lake; NSL: Nansi Lake; DPL: Dongping Lake.
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2.10.4. Classiﬁcation and regression trees (CART)
CART, originally introduced by Breiman et al. (1984), is a statistical
technique that, from a large number of explanatory variables x, can
select those that are most important in determining the response vari-
able y to be explained. CARTs are regression trees if the response
variable is numerical, and classiﬁcation trees if the response variable is
categorical. CART is done by growing a tree structure, which partitions
the data into mutually exclusive groups (nodes) each as pure or
homogeneous as possible concerning their response variable. Such a
tree starts with a root node containing all the objects, which are divided
into nodes by recursive binary splitting. Each split is deﬁned by a
simple rule based on a single explanatory variable.
2.10.5. Artiﬁcial neural networks (ANN)
ANNs is a biologically inspired modelling approach (McCulloch and
Pitts, 1943; Rumelhart et al., 1986). The ﬂexibility of ANN techniques
has led to their widespread use in various domains including business,
chemical technology, computing sciences, engineering, and environ-
mental and ecological sciences. Widespread applications of ANN in
ecology and environmental sciences appeared in the late 1990s. Several
ANN models and algorithms have been employed in handling complex
data, and solving complex problems in ecology and environmental
sciences. Here in the current model package, the generalized term of
ANN was used.
2.10.6. Generalized linear model (GLM)
GLM is a ﬂexible generalization of ordinary linear regression that
allows for response variables that have error distribution models other
than a normal distribution. The GLM generalizes linear regression by
allowing the linear model to be related to the response variable via a
link function and by allowing the magnitude of the variance of each
measurement to be a function of its predicted value (Hastie and
Tibshirani, 1990).
2.11. Model calibration and evaluation
Generally, three repeats of 10-fold cross-validation was used as the
resampling method to calibrate the predictive models. This method
partitions the data into 10 subsets while maintaining the proportion-
ality of group representations. The model is then trained on 9 of the
subsets and uses the remaining subset to assess its accuracy. This pro-
cess is then repeated until all subsets have been used as training and test
sets. Since this method can overestimate model accuracies, we then
used the remaining 20% of each original library as another test of the
accuracies of the ﬁnal models. Since all the predictive models in our
study are regression models, three diﬀerent performance measures such
as Mean Squared Error (MSE), Root Mean Squared Error (RMSE) and
Coeﬃcient of determination (R2) were employed to evaluate model
performance.
All the models were performed with “caret” package (Kuhn, 2008)
which contains a set of functions that attempt to streamline the process
for creating predictive models, all the data analysis and plots were
generated in R platform (R Development Core Team, 2013).
3. Results
3.1. Model performance
Performance of all the 7 predictive models were showed in Fig.2 (a,
b, c and d). Signiﬁcant diﬀerences were found among the 7 predictive
models, especially when predicting diﬀerent response variables. The
mean values of R2 from the 7 predictive models for predicting ﬁsh total
Fig. 2. Model performance for predicting total abundance index (a), biomass (b), Shannon-Wiener diversity index (c) and Pielou evenness (d). (KNN: K-nearest-
neighbours, PLS: Partial Least Squares, SVM: Support Vector Machines, CART: Classiﬁcation And Regression Trees, ANN: Artiﬁcial Neural Networks, GLM:
Generalized Linear Model; X-axis showed the values of three diﬀerent performance measures such as Mean Squared Error (MSE), Root Mean Squared Error (RMSE)
and Coeﬃcient of determination (R2). In the boxplot, the black dots showed the median values, the blue dots showed the outliers, the whiskers showed the minimum
and maximum values beside outliers) (For interpretation of the references to colour in this ﬁgure legend, the reader is referred to the web version of this article).
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abundance, total biomass, Shannon-wiener indices, and Pielou evenness
indices of each site were 0.60± 0.08, 0.70± 0.03, 0.64± 0.04 and 0.63
± 0.06, respectively. The ﬁsh community structure was well predicted
by the selected water quality parameters. Speciﬁcally, when predicting
total ﬁsh abundance, GLM, KNN and RF predicted better than other
models (Fig. 2a); when predicting total ﬁsh biomass, RF, CART and
KNN performed better than others (Fig. 2b); when predicting H index,
GLM, PLS and RF gave better predictions (Fig. 2c), while RF, GLM and
CART gave better predictions in predicting Pielou evenness indices
(Fig. 2d).
3.2. Variable importance in predicting species abundance and biomass
When predicting ﬁsh community structure with water quality
parameters, diﬀerent predictive models selected diﬀerent predictors
with variable importance (Fig. 3 and Fig. 4). For instance, in predicting
ﬁsh species abundance in each sampling site, GLM showed that TSS,
WT, PO4, PH, NO2N, TP, and NH4N were important, CART showed that
Cond., TSS, TH, TUR, SD, WT, DO were important, KNN showed that
TSS, Cond., DO, TH, TUR, NO3N, Cl were important; SVM showed TSS,
Cond., DO, TH, TUR, NO3N, Cl were important variables; ANN found
that TSS, TH, DO, WT, Cl, COD, TUR were important predictors; PLS
showed Cond., TH, TUR, TSS, CHLA, DO, WT were important variables
(Fig. 3 a, b).
When predicting ﬁsh species biomass in each sampling site, GLM
showed that TSS, PO4, NH4N, PH, WD, COD, and CHLA were im-
portant, CART showed that TSS, Cond., SD, DO, TH, TP, CHLA were
important, KNN showed that Cond., TH, TSS, Cl, DO, SD, TUR were
important; SVM showed Cond., TH, TSS, Cl, DO, SD, TUR were im-
portant variables; ANN found that Cond., TH, TSS, WT, DO, TUR, PH
were important predictors; PLS showed TSS, TH, TUR, Cl, Cond., COD,
CHLA were important variables (Fig. 4a,b).
Fig. 3. Variable importance of 6 models in predicting ﬁsh species abundance (See Table 2 for the details of water quality).
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3.3. Variable importance in predicting biodiversity indices
In predicting Shannon wiener indices, GLM showed that TUR, WT,
NO3N, PO4, TN, PH, WD were important, CART showed that TUR,
Cond., SD, TH, DO,WT, PO4 were important, KNN showed that TUR,
TH, SD, DO, Cond., Cl, TP were important; SVM showed TUR, TH, SD,
DO, Cond., Cl, TP were important variables; ANN found that TUR, TH,
WT, COD, TSS, CHLA, Cond. were important predictors; PLS showed
TUR, TH, TSS, Cond., CHLA, Cl, COD were important variables
(Fig. 5a,b).
In predicting Pielou evenness indices, GLM showed that WT, TUR,
PO4, NO3N, TN, Cl, PH were important; CART showed that SD,TUR,
Cond., DO, TH, TSS, CHLA were important; KNN showed that TUR, TH,
Cond., SD, DO, Cl, WT were important; SVM showed TUR, TH, SD, DO,
Cond., Cl, WT were important variables; ANN found that Cond., WT,
COD, TH, Cl, DO, TSS were important predictors; PLS showed TUR,
Cond., TSS, TH, Cl, CHLA, COD were important variables (Fig. 6 a, b).
Fig. 4. Variable importance of 6 models in predicting ﬁsh species biomass (See Table 2 for the details of water quality).
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4. Discussions
It is widely accepted that predictions from diﬀerent models could
vary a lot, even if for one given species, outcomes of prediction may
vary from model to model with much uncertainties (Convertino et al.,
2014; Guo et al., 2015). As diﬀerent predictive models rely on diﬀerent
mathematical functions, machine learning algorithms will give a
variety of results without doubt. Up until now, numerous studies have
compared accuracy and performance of predictions from diﬀerent sta-
tistical techniques (Elith and Leathwick, 2007), and conﬁrmed that
results derived from diﬀerent model techniques or diﬀerent model-
building assumptions can occasionally diﬀer grossly (Thuiller, 2003;
Luoto et al., 2005). In the current study, model performance diﬀered
from each of the predictive model, and even if for one speciﬁc model,
the model performance varied with response variables. Our results also
highlighted that predictions from single species distribution model
(SDM) were so variable for all species while ensemble approaches could
yield more reliable predictions. More attentions should be paid when
we select the right predictive model for the data analysis. Although the
high predictive abilities for predicting future scenarios of these models,
Fig. 5. Variable importance of 6 models in predicting Shannon-Wiener diversity indices (See Table 2 for the details of water quality).
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the present study didn’t intend to investigate the predictive perfor-
mance and uncertainties in real predictions and projections, rather than
to relate ﬁsh communities with potential variables. Future works could
be expected to extend our current model by doing some projections in
future hypothetical scenarios. In fact, if these models were used for
prediction in future, a global sensitivity and uncertainty analyses
(GSUA) is a robust method, and strongly recommended to be used to
globally investigate the uncertainty of SDMs and the importance of
species distributions’ drivers in space and time (Convertino et al., 2014;
Servadio and Convertino, 2018).
Following the SNWDP, all water level regulated lakes will experi-
ence similar environmental changes, including increased water level,
surface area and water quality changes. These changes in hydrology
and water quality are highly likely to further alter biota and ecosystem
functions. Generally, when the ratio of water depth to transparency is
greater than 2.5–5.9 in shallow lakes of the Yangtze River Basin, the
reproduction and growth of submerged macrophytes are aﬀected (Liang
and Liu, 1995). For instance, the transparency values in most regions of
the impounded Hongze Lake are fairly low. Thus, after the SNWDP
becomes operational, an increase in water depth should reduce the
abundance and distribution of submerged macrophytes.
Overall, the present study showed that physic-chemical parameters
of water quality such as TSS, TUR, SD, Cond., PO4, NO3-N, COD, CHLA
were very good predictors in determining ﬁsh community structure.
These ﬁndings were consistent with many other previous studies in
shallow lakes (Cheng et al., 2012). This indicates that electric
Fig. 6. Variable importance of 6 models in predicting Pielou evenness indices (See Table 2 for the details of water quality).
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conductivity, clarity, and trophic states of lake water could be good
predictors for variations of ﬁsh communities. Our ﬁndings were gen-
erally in accordance with many other previous studies in European
lakes (Brucet et al., 2013), Asian lakes (Cheng et al., 2010); South
American lakes (Tejerina-Garro et al., 1998), and North American lakes
(Amarasinghe and Welcomme, 2002). However, the most interesting
ﬁnding in our study was that these signiﬁcant water quality variables
were all directly linked to the water transfer project. As the SNWDP
would inevitably change the hydrological process, the routinely ﬂuc-
tuations of water level, the water clarity and conductivity will thus be
forecasted to change considerably along the water transfer. It is
therefore that major knock-on eﬀects would be expected on ﬁsh com-
munities in the impounded lakes (Lin et al., 2017).
In fact, the physic-chemical factors related with water transparency
(TSS, TUR, SD, Cond., CHLA), which is usually signiﬁcantly positively
correlated with macrophytes (van Donk and van de Bund, 2002), was a
surrogate to the submerged macrophytes’ contribution to aﬀect ﬁsh
communities. Submerged macrophytes are usually considered as the
main factor determining ﬁsh assemblages in lakes due to their functions
of providing habitat complexity and heterogeneity, which support niche
segregation (Brosse et al., 2007; Cheng et al., 2012). As suggested that
macrophytes in lakes can beneﬁt water quality, the disappearance of
macrophytes could deteriorate water conditions (e.g., increase of
trophic status, decrease of water clarity). Indeed, a reversal of the hy-
drologic regime in these lakes, along with an increase in lake water
level, could severely impact the vascular plant communities in these
lakes. It is estimated that the aquatic plant biomass will decrease by 0.2-
0.25million tons in Dongping Lake from the water transfer (Zhou et al.,
1994; Wan et al., 2003).
Water depth is also a key factor in structuring ﬁsh communities as it
acts directly on water transparency (Lin et al., 2017). Considering that
all the impounding lakes is a shallow lake where water depth is gen-
erally less than 3m, the diﬀerences in physic-chemical parameters
caused by water depth are likely to be limited. Therefore, the con-
tribution of water depth could be due to its high positive correlation
with macrophytes, as shown by Liu et al. (2006).
As we mentioned that the water diversion in the eastern route was
mainly conducted using pump stations to increase the water level in
those lakes, it is therefore that the water clarity (the opposite of tur-
bidity and TSS) and SD would signiﬁcantly decrease during the water
transfer period due to the large scale water exchange (Zhang, 2009).
This phenomenon was more apparent in HZL and GYL as these two
lakes were serving as transitional lakes all the time, and water ex-
changes in these two lakes were very common (Wang and Dou, 1998).
Moreover, navigation in HZL and GYL, sand mining in these lakes
(especially in LML and DPL) may also contribute to the water quality
degradation, such as decreased clarity and increased conductivity, and
sometimes increased concentrations of nutrients (Chen et al., 2017a).
The other potential reason for the variation of water quality in the ﬁve
lakes could attribute to the urbanization and economic development in
the basin (Chen et al., 2017b). The eastern route of the SNWDP is lo-
cated on one of the most developed regions of China. Large amounts of
untreated industrial wastewater are released into the lakes (Liu and
Zheng, 2002). Although the government has been very active on pol-
lution control in past several decades, monitoring results suggest eﬀorts
are not very eﬀective. For instance, water quality parameters such as
chemical oxygen demand and nitrogen species concentrations, were
deteriorated from south to north along the Beijing-Hangzhou Grand
Canal (Mao et al., 2001; Wan et al., 2003). Previous studies also found
that nutrients such as total phosphorus and total nitrogen also had
signiﬁcant correlations with ﬁsh composition and diversity in shallow
lakes of the Yangtze River basin (Cheng et al., 2012). Therefore,
changes in nutrient ﬂux and water pollution would have an inﬂuence
on the structure of ﬁsh assemblages as well as population densities
(Cheng, et al., 2010).
In conclusion, our study quantiﬁed the relationships between ﬁsh
community structure and physical-chemical parameters of water
quality in the context of large scale water diversion project, using a set
of machine learning models. Although there was still no consistent high
performance among all the model outputs, we highlighted that water
quality changes can be good predictors for ﬁsh community variations,
and the facts that water quality changes associated with water diversion
would have knock-on eﬀects on ﬁsh communities.
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